Abstract-Adding uncertainty information to visualizations is becoming increasingly common across domains since its addition helps ensure that informed decisions are made. This work has shown the difficulty that is inherent to representing uncertainty. Moreover, the representation of uncertainty has yet to be thoroughly explored in educational domains even though visualizations are often used in educational reporting. We analyzed 50 uncertainty-augmented visualizations from various disciplines to map out how uncertainty has been represented. We then analyzed 106 visualizations from educational reporting systems where the learner can see the visualization; these visualizations provide learners with information about several factors including their knowledge, performance, and abilities. This analysis mapped the design space that has been employed to communicate a learner's abilities, knowledge, and interests. It also revealed several opportunities for the inclusion of uncertainty information within visualizations of educational data. We describe how uncertainty information can be added to visualizations of educational data and illustrate these opportunities by augmenting several of the types of visualizations that are found in existing learning analytics reports. The definition of this design space, based on a survey of the literature, will enable the systematic exploration of how different design decisions affect learner trust, understanding, and decision making.
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INTRODUCTION
T HIS paper surveys work on visualizing uncertainty across various domains as well as the visualizations that are currently used in the educational reporting that is available to learners. This survey is the basis for the definition of a design space that will allow for the systematic study of how uncertainty information might be represented for student-users of educational reporting.
People need access to relevant information and information about the accuracy and reliability of that information to make informed decisions and understand the recommendations that an adaptive system makes. This article, therefore, aims to sensitize designers to the opportunities and challenges that surround representing model or assessment uncertainty in the visualizations that learners can see. Once sensitized to this design space, a better understanding of how learners use this information to support their decision making will be possible.
The presentation of information about the quality of the data over which people are reasoning has been gaining attention across several disciplines, including visual analytics, oceanography, meteorology, medicine, fluid flow, geography, cartography [1] , and educational reporting [2] . Some of this work has focused on exploring domain-specific applications of uncertainty representation while other work has focused on the representation of uncertainty in a more discipline-independent manner. Many of the existing representations of information and its accompanying uncertainty have been visual, and while the objective of information visualization is to support user understanding, it has been found that people can struggle with understanding visual representations of uncertainty even when they have received training in their semantics, interpretation, and use [3] .
Thus far, most visualizations of uncertainty in information have been explored in disciplines where users are experienced in reasoning over probabilistic or uncertain information such as in mapping [4] , statistics [5] , [6] , [7] , or the military and intelligence services [8] , [9] . The representation of uncertainty for users who may be less comfortable or experienced with reasoning over uncertainty has only begun to be explored [2] , [10] , [11] , [12] .
Education is a domain where considerable work is being done in the area of visualizing student performance or knowledge in order to inform instructors, learners, the parents of learners, and other decision makers [2] , [13] , [14] , [15] , [16] . The visualized information is usually based on an analysis of learner data. This analysis may involve the cognitive modelling of a learner and his/her knowledge or the statistical modelling of the learner's performance on assessments. Regardless of the approach that is used to analyze learner data, uncertainty is not typically present in the visualized data and those who are meant to interpret it are not typically trained in its use. Excluding information about the reliability and consistency of data or any other form of uncertainty can negatively affect many of the tasks that visualizations of educational data aim to support. This includes the learner's self-regulation, monitoring, and decision making tasks [15] , [17] , [18] , [19] , [20] , [21] , [22] , [23] .
We focus this survey on a particular sub-area of information visualization within education, where learners are given access to visual representations of their knowledge, activities, abilities, assessment outcomes, or any other analytics that have been performed within their learning context. These visualizations can be thought of as graphical report cards and fall into several categories including learning dashboards [18] , which are typically based on statistical models of learner performance, and open learner models [24] that require an underlying model of the learner's knowledge, abilities, beliefs, or attitudes. Both open learner models and learning dashboards report on the activities that have been performed by a learner or assessments that have been performed on a learner's activities in a technology enhanced learning environment ( Figs. 1 and 2 ). The data that is used to support these visualizations often comes from automated sources but could be human generated. This would be the case if the results of classroom tests, teacher assessments, peer assessments, or even self assessments were entered into the system. For the purposes of this paper, the distinction between the different types of visualizations that learners can access based on their learning activities is not relevant, what is important is that learners can see and understand reports on their activities and any inferences that have been made based on their activities.
Upon initially encountering visualizations of learning analytics, it may not be entirely obvious how they could contain uncertainty since the visualizations are largely based on objectively recorded learner activities or other educational assessments. Even if we ignore the potential for instructors or others who assess learner activities to make mistakes, be inconsistent, or be uncertain about the grade that they are assigning, we must acknowledge the uncertainty that is inherent to any modelling and analysis process because of the inevitable loss of detail or because of inconsistencies in the learner's behaviours or performance. It is also possible that drawing information from multiple sources, such as a teacher and logs of student activities within a technology-enhanced learning environment, may show inconsistencies because of the lens or pedagogical framework under which they operate. For example, one system may interpret high activity levels to mean increased knowledge where another system interprets those same patterns of high activity to mean a lack of knowledge because the patterns are associated with guessing or gaming the system rather than legitimate learning activities. Moreover, the visualization process can itself introduce uncertainty [25] .
None of this is meant to imply that technology-enhanced learning environments and the reports that they provide are less accurate than those that are prepared by people. However, the uncertainty that is present in these environments and that results from the analysis and presentation of educational data can be accounted for and communicated to users, which could enable more informed decisions.
At present, most of the visualizations that provide information to learners about aspects of their learning do so without fully addressing the uncertainty that is part of the underlying information or the inferences that are made from this information. Rather, they tend to hide uncertainty by employing design techniques, such as the use of performance categories (e.g., low, medium, or high). This may lead to misinformed decisions and affect how learners feel about their efforts, their work products, the technology enhanced learning environment, their learning, and the visualization itself. We argue that the appropriate and thoughtful presentation of uncertainty within educational reporting can help learners to better understand their strengths and weaknesses so that they can make decisions that better support their learning goals.
To this end, we describe a design space that is based on previous work in uncertainty visualization and educational reporting for learners. To map this design space, we analyzed uncertainty representation in other domains from the perspective of the visual variables that are detailed by Bertin [26] and Gestalt [27] psychology. This analysis revealed how these variables have been manipulated to represent uncertainty and other information within 50 visualizations. We then analyzed the use of the same visual variables within 106 educational reporting visualizations that are accessible to learners. This analysis considered how these variables were used to support the high-level communication goals that the studied visualizations were attempting to convey, such as the learner's activities or mastery of a concept or his/her knowledge in contrast to that of an expert or peer. The analysis considered how the designers of the visualization handled potential uncertainty when choosing which information to present and how it was to be presented. This revealed that uncertainty information is represented in less than half of the studied visualizations and it is rarely represented directly. It is much more common for uncertainty to be communicated indirectly via the use of categories or linguistic cues.
After analyzing existing uncertainty and educational reporting visualizations, we combined the information about the use of visual variables within both sets of visualizations with information about the effectiveness of these visual variables for representing uncertainty (see 3.1 Existing Uncertainty Representations). This helped identify the variables that were available and appropriate for representing uncertainty within educational reporting. Once these opportunities were identified, we modified existing visualization approaches to illustrate how the different visual variables could be used to communicate uncertainty information in educational reporting.
The analysis of 50 visualizations that include uncertainty information and 106 educational reporting visualizations mapped the design spaces that were already occupied. This revealed the gaps that are present in these design spaces. Now that these gaps have been identified, their use for communicating information about uncertainty can be explored.
The inclusion of uncertainty information in educational reporting could allow learners to make more informed decisions that better support their desired outcomes. The gaps in this space and the examples of their exploitation may also allow the designers of these visualizations to explore this space and the relationship that the inclusion of uncertainty information has to system or report use, user trust in the system or report, and the development of learners' metacognitive skills.
The paper first discusses the elements that go into visualizing educational data. This includes elements of information visualization, a discussion of learner modelling and learning analytics, and a discussion of how educational data has been represented. Following this general background, an analysis of how uncertainty has been represented in other domains and educational reports is presented. We then present the design space that is available for representing uncertainty within visualizations of educational data for learners. This is followed by a discussion of how this design space might be explored and a current system is modified to provide an example of how this design space might be used to communicate uncertainty.
VISUALLY REPRESENTING EDUCATIONAL DATA
Very little work has been reported on how to best represent different aspects of educational data, including uncertainty, to users of educational systems. However, considerable work has been performed in the use of different types of visualizations within educational reporting and technologyenhanced learning environments. In addition to this, substantial work in the area of information visualization can be exploited to design visualizations that help learners make informed decisions about their learning or abilities; better understand their learning; or comprehend how their knowledge or abilities have changed.
We have divided the discussion of these related areas into four sections. The first explains a subset of the principles from information visualization. The second discusses how people interpret visual information, and the third presents an overview of the analysis methods that are often applied to educational data; this includes learning analytics and learner modelling. The fourth section discusses the purposes of giving learners access to educational reporting with a focus on existing approaches to visualizing educational data.
Information Visualization
To better understand how information can be communicated to learners visually, we must first understand how people perceive visual information. This leads us to explore the field of information visualization which is primarily concerned with finding ways to communicate complex information in a manner that allows the consumers of that information, in our case the learner, to more easily understand the data and make inferences based on the presented information [28] . Information visualization is further concerned with the faithful presentation of information and its associated patterns. Wainer [7] argues that effectively displayed data reminds us of the limitations of that data and prevents us from making incorrect inferences. Please see [26] and [27] for additional background in information visualization.
One of the ways that we can aid users in understanding and interpreting information is by exploiting the visual variables that psychology has shown us can be processed preattentively. Bertin [26] refers to these as selective. These variables reduce user cognitive load since information that is communicated through them is automatically processed without requiring focused attention. The use of the individual visual variables are detailed in the works of Gestalt psychology [27] and Bertin [26] where overlapping and sometimes different perspectives are provided. We, therefore, define the variables (see Table 1 ) to scaffold our later analysis (see Section 3).
While it might be possible and even tempting to use all of the visual variables, this is not recommended. Tufte advocates that all unnecessary marks be removed from a visualization [30] . However, there are cases when providing additional information can improve both the user's ability to interpret information and the memorability of the visualization's intended message [31] . There is, therefore, a balance to be found between minimizing the amount of additional information that is given to users and ensuring that the visual representation effectively communicates the intended message as well as the data's context [28] . Many metrics and heuristics for evaluating the appropriateness of visualizations have been proposed [32] , [33] . A discussion of these heuristics and any accompanying metrics can be obtained from [33] .
Keeping the tension between limiting unnecessary information, minimizing cognitive load by exploiting the preattentive processing system, and enabling system developers to reinforce their message through multiple channels resulted in the selection of a subset of the visual variables that are described by Gestalt [27] and Bertin [26] (see Table 1 ). The properties of each of these variables are detailed in Table 2 which describes the extent to which people can order items based on the variable without it having been assigned an order (orderable), group items based on the variable (associative), pre-attentively process the variable (selective), and quantitatively compare items based on the variable (comparable). Table 2 also details the variable's cardinality or length; this indicates the number of levels that people can distinguish and, therefore, the maximum number of levels that we can communicate using that visual variable. For example, blur has a cardinality of 4. This means that users can only effectively group items or distinguish between them without additional thought when four different levels of blur are used even though users may be capable of recognizing more levels of blur.
While these variables were chosen because they can be pre-attentively processed and any visualization can be decomposed into these variables, other considerations with respect to people's ability to interpret information need to be made.
Interpretability of Visualization Data
Manipulating the visual variables that are described in Tables 1 and 2 provides a reasonable starting point from which to visualize data, but it is not enough to understand how these variables can be manipulated. The complex nature of human perception means that some things should be kept in mind when creating visualizations for users, especially those who may not receive training or who have lower-numeracy levels, as may be the case among learners, especially school-aged children and low performers. Moreover, carefully selecting visual representations is important since even people with higher numeracy levels can struggle with properly interpreting numerical information [2] , [3] , [10] , [34] .
While we do not address all of the challenges that people can face with respect to interpreting information, we provide some examples that are relevant to the user's ability to interpret numerical information since later discussions focus on visualizing information for learners, many of whom may have low-numeracy. One such challenge is the denominator effect, which is when people ignore the denominators in ratios [10] . This can be combated by using a common denominator, preferably of base 10, for all of the presented ratios. An alternative solution is to use icon Fig. 3 , since these are known to combat the denominator effect.
Another common challenge faced by those trying to interpret bar graphs is the within-bar bias, where people think that points shown within the bar that are equidistant to those outside the bar are more likely to occur even though their probability of occurrence is the same (Fig. 4) . This type of error affects decision making and at least 27 percent of college-educated people make this mistake [3] , meaning that error bar-like reporting should probably be avoided in visualizations of educational data for learners, especially in school settings or domains where students have limited mathematics and statistics training.
Designers of educational reports should also be aware that the human perceptual system gives precedence to certain visual variables (see [32] , [37] , [38] ). Due to this and the variability with which some of the variables (e.g., hue and saturation) are interpreted [39] , it is recommended that more conservative cardinalities are used for certain variables (see Table 2 ). This potential variability in the interpretation of different visual variables also illustrates how the visualization process can introduce uncertainty. It should be used as a cautionary note about the importance of providing additional cues within a visualization of educational data since many of the users of these visualizations may not have received training in their semantics, interpretation, or use even though it is recommended that they receive training [16] .
Learner Modelling and Learning Analytics
Before we can discuss the current state of the field with respect to visualizing educational data, we must discuss how this data is analyzed so that we can better understand how it has been or might be represented visually. Part of this involves understanding how data is collected within technology-enhanced learning environments. While educational reporting systems can rely on teacher-entered assessments, many technology-enhanced learning environments perform the detailed tracking of learner activities. This information could and has been combined with teacher assessments of student knowledge and its analysis is sometimes referred to as learning analytics [40] , especially when it aims to describe groups of students or identify patterns in student performance. In contrast, the modelling of this data at a student level is often referred to as learner or student modelling [20] , [41] , [42] , [43] , [44] , [45] , [46] .
The techniques used in learning analytics are often similar to or the same as those used within learner modelling. However, learning analytics usually seeks to describe learners and groups of learners to inform teaching practices, whereas learner modelling is more commonly employed to drive the personalization that occurs in adaptive learning environments. That said, learner modelling can be thought of as a special type of learning analytic. In both cases, the intended consumer of the analytic is not the learner but rather another decision maker such as a policy maker, teacher, or adaptive learning system.
Systems that employ learner models do so with the intent of using a model that represents aspects of the learner's beliefs, goals, knowledge, intentions, or cognitive state. These models can be computed using various approaches that are either data-driven, as in learning analytics and educational data mining, or based on educational and psychological theories [47] .
Once a model has been computed, it can be used to adapt learning materials or activities to a learner within a technology enhanced learning environment [48] , [49] , [50] . Models 1. While people can distinguish between 10 levels of blur and up to 5 levels of blur have been used effectively in at least one setting [35] , it is probable that most people can only use 4 levels effectively [36] .
2. Infinity is a theoretical cardinality. There may be practical limitations on people's ability to interpret all possible values.
3. All cardinalities of 2 are based on the definition of the variable, which is inherently binary.
4. This is the approximate cardinality for selection, the most limited of the properties 5. While numerosity's cardinality is unknown, it interacts with a person's cognitive development [29] and the element's contour. We, therefore, recommend using small cardinalities, especially with younger learners.
can also be used to inform the learner, the teacher, or other decision makers in order to support the improvement and understanding of learning and the environments in which it occurs [14] , [40] , [51] . After computing a learner model or performing analytics on learner data, the results of these processes can be made available to learners at which point the veracity of the data and the inferences made from it becomes increasingly important.
We cannot assume that the data is accurate since inaccuracy could be introduced at any stage in the modelling process. Furthermore, the modelling process is inherently inaccurate because it creates an abstract representation of specific items. In spite of this limitation, models have been both useful and effective when employed to help people learn within adaptive systems [45] , [52] , [53] , [54] , [55] , [56] . In many cases, the intelligent tutoring systems that employ learner models have been shown to achieve similar learning effects to those achieved through human tutoring [55] .
We, therefore, have an obligation to ensure that learners can properly interpret the information that they are shown given their background preparation and abilities. This may be more difficult when communicating with learners who have different levels of knowledge and experience with respect to interpreting visual, numerical, or uncertain information [3] , [5] , [7] , [8] . Supporting a group of students with heterogeneous abilities would not be uncommon in introductory undergraduate courses.
Visualizing Educational Data: Open Learner Models and Dashboards
Given the sometimes complex nature of the analytics that are performed on educational data, not all visualizations communicate all aspects of the underlying data or the manipulations that were performed over that data. These visualizations aim to support the monitoring of learner activities and the decision making of a range of stakeholders from the education system; all of whom have different needs and abilities. This can include policy makers, principals, parents, teachers, and students. As a result, educational reporting and the visualization of educational data can take many forms and often falls under the umbrella of learning dashboards that display everything from a student's grades on individual tasks beside a class average to learner activities and the relationships between learners in an online community [15] , [24] , [57] . Allowing learners to have access to these reports gives them feedback about their learning activities, performance, or knowledge. It can also help learners meet their educational goals by supporting their reflection and decision making [14] . One of the more prominent and specialized approaches to visualizing educational data for learners is called open learner modelling; these visualizations 'open' the underlying representation or model of a learner so that the learner can view all or part of the model [24] , [58] . They, therefore, require the presence of an underlying learner model that has performed some form of analysis or inference on the learner's data. In the same way that learner models can be thought of as a specific type of learning analytic, open learner models can be thought of as a specific type of learning dashboard. This makes open learner models and learning dashboards a special type of information visualization that is meant to enable inferences over a representation of a person's knowledge and any inferences that have been made about that person's knowledge. Even though open learner models may not always represent what is more popularly called big data, they are intended to make the abundance of data that is available about a learner understandable. In making the information understandable, open learner models aim to achieve their primary goals of supporting the learner's metacognitive development and abilities; supporting learner reflection; providing learners with feedback about their abilities, beliefs, and knowledge; enabling the learner to plan learning activities; and supporting learner self-assessment [14] , [24] , [58] , [59] , [60] .
Open learner models are usually meant to be used by learners themselves. However, the use of other visualizations of learner activities and abilities can be found in many types of technology enhanced learning environments, including learning management systems such as Blackboard [61] or Moodle [62] . Those that do not rely upon an underlying model of the learner are often called learning dashboards.
Neither they nor open learner models typically address uncertainty in the same manner as that used in other areas of information visualization even though they may accommodate for uncertainty in the underlying model or present information about the model's accuracy [24] (see Section 3.2.2 for additional details). This may be, at least, partly due to the lack of representation of uncertainty in other forms of educational assessment and feedback. For example, students are not typically given a grade with a confidence interval, such as 85 percent plus or minus 3. The closest thing that commonly used assessment methods have to representing uncertainty is the use of grade categories (e.g., A, B, or C) that reduce the precision that assessors must use. When considering formal testing, measurement error is commonly represented in score reports using confidence intervals. Investigations into the effect that different confidence-band representation methods have on teacher and undergraduate comprehension have recently begun [2] .
While most systems do not directly represent uncertainty, there have been some notable systems that either represent uncertainty [13] , [63] , [64] , [65] or incorporate mechanisms that handle uncertainty. ViSMod directly represented uncertainty graphically; it showed student knowledge as a Bayesian model that included uncertainty information about the learner's concept knowledge as a probability [65] . The challenge faced when using such approaches is how to support learner understanding since their full comprehension is dependent on a fairly advanced understanding of mathematics, which renders these approaches ill-suited for use with some learner populations (e.g., primary school children or those in special education contexts).
UNCERTAINTY
While some of the data analysis methods that are described in Section 2.3, account for variability or other sources of uncertainty in the data that is being analyzed, they do not explicitly discuss the concept of uncertainty, its many forms, and the implications that it has for the interpretation of the information that is presented. We must, therefore, discuss how uncertainty has been conceptualized if we are to explore its visual communication and use in educational reporting.
Uncertainty can be introduced from a variety of sources or during any level of information processing [66] . This includes the interpretation of that information [1] and its visualization [25] .
Even though uncertainty can be reduced to two basic types (aleotonic and epistemic [67] ), its multifaceted nature [32] has made it useful for those who work with uncertainty to detail the types of uncertainty that are often encountered in the data with which they work. These frameworks refine and sub-divide uncertainty to ensure that they account for the types of uncertainty that are prevalent in different domains. We have synthesized these frameworks into a single list and added examples from education:
Accuracy [68] , [69] , [70] , [71] : The difference between what has been observed and reality. It includes many potential sources and types of error and could be the result of a learner slip (e.g., accidentally clicking on the incorrect multiple-choice answer) or error. Precision [68] , [69] , [71] , [72] : This is the known level of accuracy of different measurement tools and includes the standard error of measurement as well as the granularity at which information can be tracked or measured. In an educational domain, a percentage grade (e.g., 87) would have a greater precision than a letter grade (e.g., A) and standardized tests have known measurement error. In a modelling context, this might be represented by the level of granularity that is provided by the statistical modelling technique or the type of constraint that a learner has violated [43] : the constraint that indicates that the rules of subtraction have been violated has a lower precision than a constraint that indicates that the rules of subtracting negative numbers have been violated. Completeness [69] , [70] , [71] , [72] : This is the comprehensiveness of the data which includes its coverage, selection criteria, and the availability of the desired information. This asks whether the learner has performed enough activities for us to make inferences about his/her abilities in an area. If the tutoring environment changes its intervention based on learner affect, a system that infers affective state based on logged interactions may be reasoning over incomplete information when compared to one that also uses a webcam feed of the learner's face.
Lineage [6] , [68] , [69] , [70] , [71] , [73] : This is the source of the information and how the information has been manipulated. It includes any aggregations that have been performed as well as the sensitivity of any algorithms that are applied to the data. Typically, this will be measurable in educational contexts when statistical modelling techniques, such as k-means clustering, are applied since these techniques can be tested with new data and their accuracy reported. In some cases, the accuracy or sensitivity of algorithms may be unknown Judgement [68] , [69] , [70] , [72] : This relates to the subjectivity of a data source or the inferences that are made over data as well as the trustworthiness of the data source or agent performing inferences. In an educational context, this may relate to who is performing an assessment. A student may trust an instructor's assessment over that of a peer when technology-enhanced learning environments allow peer assessments to be performed. Validity [68] , [69] , [71] , [73] : The usefulness and credibility of the data for its intended purpose. Teacher comments that are tied to a rubric may seem more valid to a student than a peer's comments that are not tied to the assignment rubric. Currency [69] , [70] , [71] , [72] : Is the information current enough to be useful? Generally, information that is more recent is a more reliable measure of a student's abilities than old information. Some modelling systems perform a weighted average over student activities where more recent activities are given greater weight in order to account for uncertainty that might be due to currency [74] . Other systems address this by averaging performance measures and providing information about how learner performance has changed over time [48] . Statistical Variance & Consistency [68] , [69] , [71] , [72] : Agreement in the evidence. Learners may perform poorly on an assessment due to a distraction even though they normally perform well. Like with currency, some systems also perform different types of aggregation to account for variance in learner performance [48] . Regardless of the types of uncertainty that are being represented, people tend to reject or accept uncertain information in its entirety [71] , which is why care should be taken in its representation. Well-designed visualizations may help combat people's biases towards data uncertainty and aid in their analysis [71] .
To help users with decision making tasks, we should provide them with information about the data's accuracy; precision and currency information should also be given since it is important to decision making [69] . The amount of influence that uncertainty has on decision making is affected by the type of uncertainty information that is provided and its method of communication [75] . Access to uncertainty information and increased granularity in uncertainty reporting can decrease user confidence in their decisions and may only affect the decisions that are being made about items that are at the extremes (i.e., those with very high or very low uncertainty) [75] . These and other results show that the manner of presentation of uncertainty information can be exploited to encourage certain decision-making behaviours. See [10] , [8] , [35] , [72] for information on the particular ways in which decision making can be influenced.
To date, uncertainty information has most commonly been represented numerically although it has a long tradition of being visualized [6] . Gershon [72] recommends being selective when representing uncertainty since its representation adds a dimension to the data [1] , [31] . The only uncertainty that is shown should be that which is essential to the target task. Moreover, it should be presented as simply as possible while maintaining the dominance of the information that is important for a given task rather than distracting the user from his/her task [1] . In a pronunciation tutoring environment where a learner must decide which aspects of his/her pronunciation to improve, this may mean that only the items with the most extreme values (best or worst pronounced) or those with the highest accuracy are presented to learners [48] . Alternatively, those with high inaccuracy due to learner inconsistency might include uncertainty information in order to encourage the learner to increase his/her consistency in pronouncing certain characters.
To overcome this potential barrier, we would recommend the use of pre-attentive visual variables since they can be processed quickly, unlike icons 6 [69] . Others have recommended the use of what are considered to be natural cues for uncertainty: blur [4] , [36] , [69] , [76] , graduated shading or colour value [7] , closure through the use of dotted or dashed lines [4] , [36] , and ambiguous labels when precision is lacking [7] . In contrast to what might be expected, colour hue is not recommended for communicating uncertainty because it is not pre-attentively orderable [36] , but it could be used to indicate the presence of uncertainty on a binary level [1] or graduated scale when training or a legend are provided.
Existing Uncertainty Representations
To better understand how uncertainty representation might be used in educational reporting, an analysis of its use within other fields was performed. The 50 visualizations that were analyzed came from various communities including information visualization, geographic information systems, medical information systems, and statistical visualization. These visualizations were found based on a search for articles related to uncertainty and visualization. Colleagues in information visualization were also contacted to ensure that no major works had been missed. This resulted in the exploration of a community maintained reference list 7 . Any visualization that represented some form of uncertainty and was not a form of educational reporting was included regardless of whether the visualization had been evaluated for its effectiveness. All of the visualizations that were analyzed had been published prior to October 2013. Papers that analyzed visual variables for their effectiveness at representing uncertainty independently of their use in a visualization were not included in the below analysis. However, they were used to inform the design space that is described in Section 4.
Each of the visualizations was analyzed for its use of the visual variables that are described in Table 1 , and all representations included a visual component that was not textbased. Details of visual variable use can be seen Table 3 , where the usage of visual variables is provided (Used) as are the details about the overloading of visual variables to represent uncertainty and one or more other dimensions within the data (Unc.), or the use of a variable to represent only uncertainty (Unc. Only).
The most commonly used visual variables were size, hue, and position with approximately fifty percent of the visualizations using these variables. The visual variables that were most commonly used to represent uncertainty were size and hue (approximately 36 percent). Uncertainty was represented using position in 28 percent and shape in 22 percent of visualizations. The next most commonly used visual variables were saturation, orientation, numerosity, added marks, and opacity.
If we only consider the proportion of uncertainty representation to the use of visual variables then all of the uses of grain, blur, added marks, and arrangement were dedicated to uncertainty information (see Table 3 ). The next most used visual variables (saturation, orientation, numerosity, and opacity) represented uncertainty at least seventy percent of the time. Hue, value, shape, motion, depth, closure, position, and size were all used to represent uncertainty in at least half of the cases where these variables were used (Unc. Only). Of these highly-used variables, saturation and hue are known to be poor communicators of uncertainty; blur, position, and value have been shown to effectively communicate uncertainty; and arrangement, size, and opacity are known to be moderately effective at communicating uncertainty [69] .
However, we do not yet know if these variables can be used to represent uncertainty in learning dashboards since we do not know how information has been represented in visualizations of educational data: these visual variables may already be used for communicating other information. Moreover, the varied nature of learner abilities adds another dimension to the design task since students in a single class may have heterogeneous numeracy or literacy and only some may have the background preparation that is needed to work with a particular visual representation. This is unlike the settings where most uncertainty visualization work has been done: their users are typically accustomed to working with uncertainty and trained in interpreting its various representations.
Uncertainty Representation in Educational Reporting
An analysis of 106 visualizations from the educational reports that are provided through various technologyenhanced learning environments was performed. These visualizations were found through literature searches for open learner models, learning dashboards, and educational reporting. In many cases, this also involved working backwards through the reference lists of papers and visiting authors' websites to find additional work. The selected systems have been reported in various venues including artificial intelligence in education (AIED and IJAIED); user modelling, adaptation and personalization (UMAP); intelligent tutoring systems (ITS); learning analytics (LAK); and the SIGCHI conference on human factors in computing systems (CHI). The analysis was only performed on visualizations that were reported prior to October 2013 and that were accessible to learners rather than those that were intended to be used by parents, instructors, administrators, or policy makers. The majority of visualizations were also paired with some form of adaptive tutoring system although this was not a requirement for inclusion. Any visualization of educational data to which the learner has access was analyzed since these visualizations share similar considerations even though their underlying mechanics may be different. The below-described analysis considered the message that the visualization was attempting to convey (i.e., the visualization's communication goal), its use and representation of uncertainty, and its use of visual variables (see Table 1 ).
Communication Goals
The visualizations of educational data were categorized based on their intended message (i.e., type of information that they were attempting to communicate). Visualizations were allowed to belong to multiple categories when the information being conveyed fit within the described category. Categories emerged from the data and each time that a new category was found, the previously coded visualizations were revisited. The intended message categories are defined in Table 4 . The most common communication goal was mastery with 72.9 percent of visualizations communicating learner mastery (e.g., Figs. 5 and 6), 38.3 percent encouraging comparison (e.g., Figs. 7, 8, and 11), 29 percent communicating learner activities (e.g., Figs. 7 and 11 ), 20.6 percent communicating the relationship between different entities (e.g. Fig. 10 ), and 14 percent providing social cues (e.g., Figs. 7 and 11). Only 1.9 percent communicated learner interest, 2.8 percent provided information about learner affect, and 0.9 percent encouraged learners to notice changes in their knowledge. The limited exploration of the representation of social cues, learner interest, learner affect, and changes in knowledge may indicate that these communication goals are not as well understood as the others. As a result, the representation of uncertainty information and the study of how learners respond to it may be premature in these types of visualizations of educational data.
Within the evaluated visualizations, bar chart style diagrams were used by 29.3 percent of visualizations, network or graph representations were used by 17.9 percent of visualizations, and textual representations were used in 28.3 percent of visualizations. Word clouds, emoticons, tree maps, spider plots, line charts, pie charts, and scatter plots were used to represent information by fewer than six percent of visualizations, and 34.9 percent used representations that fall into the Other category which includes speedometers [77] , rose-like diagrams [78] , animated characters [79] , and magic wands [80] . Another example from the Other category is a tree that grows or dies based on changes in student knowledge [81] or a system where the visualization was paired with haptic feedback that communicated understanding [82] . Of the evaluated visualizations, 75.5 percent used only one display approach. The remaining systems combined two or more representations, with at most four display representations being used by any one visualization at a time.
Uncertainty
Since all models and forms of aggregation contain some uncertainty, the manner in which the visualizations represented uncertainty, if it was represented, was analyzed. Of the 106 studied visualizations, 52 represented uncertainty directly (9) [13] , [19] , [65] , [84] , [85] , [86] , [87] , [88] or indirectly (48); five of the 52 represented uncertainty using both indirect and direct methods [19] , [65] , [85] , [87] , [88] .
Indirect representations of uncertainty involved showing the learner the evidence on which the inferences were based; text that hinted at uncertainty using hedges or other linguistic techniques (e.g., You may misunderstand concept A or "This extra contribution has been inferred from the terms visible at depth 2" [89] ); or categorization of student performance into broad levels such as excellent, moderate, somewhat limited, and very limited [63] . For example, Fig. 6 indirectly represents uncertainty by using performance categories that are communicated through colour; this system also allows students to see the weighted averaging of evidence that indirectly communicates uncertainty that is due to lineage, currency, or statistical variance and consistency (see Section 3 for definitions of uncertainty types). Uncertainty was directly communicated via text (e.g., "possible misconceptions" [84] ), by displaying error bounds or confidence intervals [19] , through the use of probabilities [65] , [85] , or through the use of an insufficient data category [84] (e.g., My-Pet); this is similar to the longstanding tradition of including quality statements in the legends of maps [4] .
The use of categorization was most widespread: 43 percent of all visualizations and 83.6 percent of those that represented uncertainty used this technique to manage precision, lineage, or statistical variance and consistencybased uncertainty. This includes the visual representations that are shown in Figs. 5, 6, Figs. 7 , and 10. All other uncertainty representations were used by less than 5 percent of the studied visualizations. However, this only tells part of the story. It fails to tell us how the visual variables were manipulated in order to communicate uncertainty.
Visual Variable Use
The analysis of how the studied visualizations communicated their intended messages and represented uncertainty (Fig. 1 ) combined the representation of mastery with that of activity by assigning a colour to the proportion of the activities that the learner had yet to complete. This version also used text to indicate the proportion of the learning activities that the learner had completed. Narcissus (Fig. 11 ) communicated learner activities by using saturation and hue to show user contributions broken down by the types of activities that are commonly performed in software development teams [22] . Affect These visualizations aim to communicate a learner's affect or motivation. My-Pet (Fig. 9) changes the animated character's expressions and behaviours based on the learner's affective state [79] .
Change in Knowledge
These visualizations aim to communicate how a learner's knowledge, preferences, or abilities have changed. In the case of ProTutor (Fig. 8) , the chart tracks the user's ability to pronounce specific Russian characters [48] . The accuracy of the learner's pronunciation of the selected characters is shown at three time points which allows the learner to see how his/her pronunciation has changed. In this case, the learner's pronunciation accuracy improved and then decreased slightly demonstrating uncertainty that is due to statistical variance and consistency (see Section 3). Comparison The intent of these visualizations is to encourage the comparison of two or more entities. This may mean the comparison of knowledge between two peers or the comparison of a learner's knowledge against some ideal. It could also mean the comparison of the learner's performance against a particular goal. The use of columns in Narcissus (Fig. 11) enables the monitoring and comparison of individual team member's contributions against one another or against the contribution patterns that are expected given each person's role within the software development team. By placing all of the learners within one visualization (Fig. 7) , Comtella encourages learners to notice both their and their classmates' contributions to the learning community, and it highlights the differences in their contributions using several visual variables to communicate how learners have performed in comparison to one another [23] .
Interest
These visualizations aim to communicate a learner's interest in concepts or activities. The My-Pet system (Fig. 9 ) uses the cartoon animal to reflect the learner's observed interest in a topic back to him/her. In contrast, the Pepper system ( Fig. 10) represents group level interest in topics by showing which words dominate a selected discussion [21] . Mastery These visualizations aim to communicate how much of a particular entity has been mastered by a learner (i.e., how much s/he knows or how well s/he can perform a skill).
Figs. 1 and 5 show bar-chart style skill meters that communicate the proportion of a concept for which a learner has demonstrated knowledge or the learner's mastery of a particular competency or sub-competency. Relationship The intent of these visualizations is to communicate the relationship between different entities (e.g., people or concepts). The network graph used in the Next-TELL open learner model shows the relationship between the different competencies that are tracked within the underlying learner model (Fig. 6 ). The Pepper word cloud (Fig. 10) shows the relationship between discussion forums and learner interest in various topics since Pepper generates word clouds for a discussion forum or even individual posts when a user requests to see a cloud for a specified set of messages. Social Cues The intent of these visualizations is to create an awareness of the abilities, activities, or interests of others.
Narcissus does this by showing the activities of each user in vertical columns (Fig. 11) , and Comtella (Fig. 7) did this by showing all learners as stars within a grid that included representations of the dimensions of their contributions.
was performed from the perspective of the visual variables that are listed in Table 1 . If we consider Narcissus (Fig. 11) , we can see that it uses hue and saturation to communicate social cues around the types of contributions that students are making. Narcissus uses proximity and position to enable comparison and it employs the use of boundary, closure, and connectedness to communicate the activities that belong to each user. In contrast, Comtella (Fig. 7) employs the boundary variable to indicate which elements belong to the visualization of student contributions to the class rather than which contributions belong to an individual student. Comtella uses position to enable comparison by making all of the student contributions visible at the same time, and it uses added marks (the black dots in the centre) to communicate social cues. Comtella communicates student activity levels using size, while hue and saturation are used to communicate social cues about the quality of a student's contribution as indicated by his/her status. An overview of how these variables were used, with respect to the type of message that was being communicated, across all visualizations can be seen in Fig. 12 , and summary statistics of their use can be seen in Table 5 . Fig. 13 shows the variable usage as a proportion of the number of visualizations that aim to communicate a specified type of message. This allows us to see which variables tend to be used for different communication goals. For both Figs. 12 and 13, dark blue indicates a higher frequency of use, greens indicate a moderate amount of use, browns indicate low usage, and white indicates no usage. The Other row indicates the use of the variable for communicating information that is not specific to uncertainty or any of the communication goals from Table 4 . [48] ; used with permission. Fig. 11 . Narcissus shows how much of each activity type group members have performed as well as when they submitted the work product for that activity. Source: [22] ; used with permission. Fig. 7 . Comtella: each learner is represented as a star. Hue indicates learner status; star size indicates the number of contributions; star brightness represents contribution quality. A learner's offline status is communicated by adding black dots to the centre of the star. Source: [23] ; used with permission. Fig. 9 . My-Pet uses a cartoon animal to communicate learner affective state by manipulating the facial expressions and dialogue that are used by the animal. Source: [79] ; used with permission. Fig. 10 . Pepper word cloud. It shows the topics that are being discussed within a specified discussion forum [21] . Fig. 12 . Visual variable use within educational reporting as a proportion of the total number of visualizations. The other row shows the use of the variables for communicating information that does not belong to uncertainty or a particular communication goal. Dark blue indicates that a higher proportion of the visualizations use the specified variable.
The boundary visual variable is used by most visualizations (78.5 percent) even though it is not used to communicate a specific aspect of the message. Rather, it groups visual elements and thus aids in the communication of which aspects of the visualization should be considered a part of the visualization or one of its sub-components. The heat maps shown in Figs. 12 and 13 also show that the mastery, activity, social cues, and comparison categories use a greater variety of variables than many of the other message types. Fig. 13 reveals that position is the dominant visual variable for communicating a message that involves determining the relationship between two or more things; this includes communicating the relationship between system entities (people, concepts, or knowledge); facilitating comparison between a learner's knowledge or activities and the knowledge or activities of an expert/peer; and determining changes in knowledge. This implies that visual variables that are related to the location of an item (e.g., position or depth) should probably not be used to communicate uncertainty in a visualization that also aims to show the relationship between two or more items. However, the use of depth to represent uncertainty may be appropriate in cases where the visual analytic is attempting to communicate interest, social cues, or affect.
Like some of the visualizations from other domains (see Section 3.1), BonPatron used shape to communicate uncertainty [90] . The graph, tree, and map views from Flexi-OLM [91] , the VISMod open learner model [65] , and OLMlets [92] manipulated value to communicate uncertainty. Whereas, PSAT/NMSQT [13] used added marks and SIV [64] used position to communicate uncertainty. VisMod went a step beyond the manipulation of value to codify levels of certainty by also presenting the learner model as a Bayesian network that included probabilities [65] . While these systems were shown to be useful to learners, there has been little reporting on how the addition of uncertainty information affected learner decision making or understanding.
OPPORTUNITIES FOR REPRESENTING UNCERTAINTY IN EDUCATIONAL REPORTING
The above-described use of visual variables to represent uncertainty (Table 3 ) and educational data for learners (Table 5 ) reveals several opportunities for integrating uncertainty representations into existing or new visualizations of educational data. Table 6 details the potential uses of each of the visual variables. If we remember back to Section 3, the use of saturation, orientation, hue, and shape should be avoided when representing uncertainty because studies have shown that they do not effectively communicate uncertainty [69] . We would further recommend against the use of hue since it is already widely used for communicating other information within educational reporting (see Fig. 12 ) and because it is neither orderable nor comparable (see Table 2 ). It is recommended that the use of size be avoided for communicating uncertainty since it has only been used successfully in applications where users undergo considerable training, in the order of months. Providing this level of training to student users of educational reporting is unrealistic. Should size be used, the recommended mapping is for larger objects to be more certain and smaller objects to be associated with greater uncertainty [69] . Likewise, more certain information should be presented more clearly and be less obscured than uncertain information.
The variables that are available for use fall into three groups: those that are good at communicating uncertainty (value and blur), those that are acceptable for communicating uncertainty (arrangement and opacity), and those with an unknown ability to communicate uncertainty (grain, continuity, depth, curvature, closure, added marks, and motion). These indicate potential avenues for research into how learners respond to and interpret various manipulations of the variables when attempting to communicate uncertainty information.
When choosing which variables to employ it is, obviously, important to consider their potential effectiveness at communicating uncertainty to the visualization's intended audience. Different learners will have different needs. The smiley face example from Table 7 might be appropriate for low performers in a primary school context, whereas the 3D scatter plot might only be recommended for those who have an undergraduate education with extensive mathematics or sciences training. It is also important to consider the communication goal of the visualization that is being created. For example, if you want to draw a learner's attention to a particular area, such as division, where s/he performs inconsistently then manipulating a variable that draws the user's attention to this aspect of the visualization would be advisable. In this case, the manipulation of the added marks or motion variables might be most effective at drawing the learner's attention to the information that is supposed to be highlighted. In a web-based environment, a blinking star could be placed beside the instructional material and practice exercises that are associated with division. This could highlight and perhaps even persuade the learner to provide the system with additional evidence of his/her abilities, which could in turn decrease the inconsistency that was observed in his/her ability to perform division. In contrast, the use of blur or opacity in this situation might obscure the intended message and result in the information being ignored.
We also recommend that a technique called brushing, which is a collection of methods for viewing multidimensional data, be used when learners can see the evidence on which the visualization is based; brushing allows the user to see the relationship between variables by identifying relevant data points across visualizations [38] . An example of brushing that communicates group membership is shown in Fig. 14 . Alternative techniques could be used provided they allow learners to see the source of the uncertainty beside its representation [68] .
ADDING UNCERTAINTY REPRESENTATIONS TO VISUAL ANALYTICS OF LEARNING
Reviewing previous uncertainty representations revealed that the user's ability to understand the visualization is often overlooked [76] . This makes the careful design and evaluation of these visualizations based on the target user's ability to interpret them paramount since the interpretability of information is essential to the monitoring tasks that are supposed to be supported by open learner models and other visualizations of educational data [31] . While this paper focuses on the visualizations that are used by learners, similar approaches could be employed for other user groups such as parents, teachers, or administrators. However, the possibility exists that the design space that is available for exploration is different since the reports that target these user groups may use different visualization approaches. For example, it is unlikely that the reports that are being used by Arrangement might be able to communicate uncertainty with messier arrangements communicating less certainty than more ordered ones. This might work better if changing the arrangement of hashing within a bar-chart style skill meter than it would if changing the arrangement of the elements within a star style skill meter since scattering can hinder the interpretation of a visualization in low-numeracy populations [10] . Blur @ Any aspect of a visualization could be blurred to communicate uncertainty. It should be noted that users disliked blur even though they could easily understand it [36] . However, they prefer the use of blur over that of value. If using blur, fuzzier images should be mapped to higher levels of uncertainty. Closure ? Users prefer dashed lines over blur, value, and arrangement but dashed lines are not as easily understood as blur or value [36] . It may be possible to show multiple levels of uncertainty using closure. However, it is more likely that you can only communicate the presence or absence of uncertainty. Using dashed rather than solid lines to invoke closure will require user training or the use of a legend since its use to communicate uncertainty is not automatically understood [36] . school principals contain smiley faces. It is far more likely that these reports contain error bars since it would be expected that the target population can interpret them. Table 7 provides examples of how uncertainty information could be added to some of the types of visualizations that are commonly used in educational reporting. For the bar chart example of the skill meter, using opacity or arrangement allows the designer to communicate how consistently the learner has demonstrated evidence of a particular skill or knowledge component, which can be used as a proxy for how much the learner should trust the displayed assessment information. Moreover, using opacity to communicate something that is akin to error bars (as in example b.ii of the bar chart skill meter) could prevent within bar bias and better communicate the potential range of a learner's knowledge or abilities. The design that is proposed in b.ii has recently been externally validated for particular types of decision making tasks when they are being performed by adult members of the general public [93] . Additional guidance on the communication of error bars can be obtained from [94] .
The star-based skill meter can be manipulated to communicate similar information to that shown in the bar-chart style skill meter. Opacity can be applied to icons to communicate how confident the system is in the learner's current knowledge level or its rating of the learner's affect. In threedimensional spaces, using depth (i.e., the z-axis) to communicate uncertainty by making certain items closer to the learner (see the three-dimensional scatter plot example in Table 7 ) would help emphasize the information that has higher levels of certainty, but it could also lead to less certain items being obscured which could mean that the learner does not receive all of the information. In the case of word clouds, items can be blurred or their arrangement changed to communicate uncertainty in the underlying analytics. This uncertainty could be due to any number of things. In the case of a word cloud that is used to show a community's interest in different topics, blur could be used to communicate when small numbers of the community's members have demonstrated a deep or ongoing interest in a particular topic which has resulted in the topic being emphasized within the word cloud even though the majority of the community is not interested in that topic. This situation could easily happen in the Pepper system [21] .
The decreased opacity of nodes in the graph example could be used to indicate the system's confidence in the inferences that it has made; its lack of confidence in the results of an assessment; or inconsistent evidence for a particular concept. This could signal to the learner that s/he should perform more activities within the technology enhanced learning environment. In contrast, the closure or thickness of the links between nodes could indicate the system's confidence in the relationship between the nodes. In this example, the nodes may represent learners and the links between those nodes their relationships, where a solid or thick line indicates a continued reciprocal relationship and a dashed line represents a lack of confidence in the inferred relationship. This lack of confidence could be the result of a one-way relationship or lurker-like behavior in the virtual world even though the learners may have a relationship outside of the technology enhanced learning environment.
To provide an example of how one might use the design space in a real system, we have augmented the Next-TELL open learner model because we have access to that system. The Next-TELL open learner model was also used because it allows learners to see the information on which their model is based. This provides a sufficiently complex setting in which to demonstrate the use of the identified design space.
If we add uncertainty information to the Next-TELL competency network visualization by applying grain to nodes in order to communicate the presence or absence of uncertainty above an acceptable threshold, we might end up with a visualization like that shown in Fig. 15 rather than the simpler visualization that is currently available (see Fig. 6 ). This addition is possible because Next-TELL keeps a record of each assessment that is performed for a learner which allows us to determine the statistical variance and consistency in the learner's performance (i.e., a type of uncertainty-see Section 3). 16 shows what Next-TELL tracks and how it calculates its model of the learner's competency level; this evidence screen shows the results of each assessment that has been performed. The data on which this screen relies allows for the calculation of the learner's current knowledge or competency level as well as the calculation of the uncertainty associated with that competency level. In Fig. 16 , this uncertainty is based on the consistency of a learner's actions. Since this visualization shows both the learner's mastery of competencies and the relationship between those competencies through the connectedness variable and we have chosen to display information about the uncertainty of a student's mastery of a competency, the use of closure or curvature on the connections between competencies would be inappropriate. The existing visualization manipulated colour values to represent aspects of student mastery so hue, saturation, and value cannot be used without risking student confusion. Likewise, opacity cannot be used because it can be easily confused with saturation when background visuals are absent, as is the case in the Next-TELL competency network. We, therefore, chose to add grain since it was available for use and could be added to the visualization without overloading the semantics of the visual variables that were already being used. Fig. 15 illustrates how uncertainty at lower nodes can propagate up to parent nodes. In the case of the sub-graph near A, the uncertainty that is present in the Expert Knowledge and Conceptual Relationships leaves is high enough that the level of uncertainty that is present at their parent node (i.e., Domain Model) also exceeds the acceptable threshold and is communicated by adding the grain to the Domain Model node. B shows a case where the uncertainty level at the parent node (i.e., Learner Model) exceeds that of its children (i.e., Misconceptions, Learner Knowledge, Open Learner Model, and Learner Modelling Techniques). This could be the result of the combined uncertainty of the nodes exceeding the threshold that is used for deciding when to visualize uncertainty even though it is not exceeded at the lower levels. Alternatively, it could happen because there is inconsistency in the evidence that is only associated with the Learner Model node. The last situation, C, is when the uncertainty associated with a child node (i.e., Academic Argumentation) exceeds the threshold and is visualized but the uncertainty associated with its parent node (i.e., EE3H1) does not. These situations can happen because the evidence that is used to calculate the learner's level of competency for a node includes both the evidence used to determine the child nodes' competency levels and the evidence that is only associated with the competency of the node itself. This means that the level of certainty associated with a leaf node does not necessarily result in the leaf's parent having the same level of associated uncertainty.
We also add uncertainty information to the screen where learners can inspect the modelling process (Fig. 16 ) on which the visual representations that are seen in Figs. 5, 6, and 15 are based. To ensure consistency between visualizations, grain was used to indicate uncertainty in the higherlevel skill-meter visualization and hue was used to highlight the elements that contributed to the inconsistency. This use of hue emulates brushing to indicate the evidence (i.e., 2013-10-22 and 2013-11-05) that is associated with the uncertainty that is present in the student's skill meter. This was possible because hue is not used to communicate level of mastery in this view of the information and because hue is only being used to highlight the presence of uncertainty at a binary level.
CONCLUSION
This paper maps the use of a set of visual variables within existing visualizations of uncertain information and within visualizations of educational information. Fifty different visualizations from various disciplines were analyzed with respect to their use of 21 variables that can be manipulated when visualizing information. This analysis along with a review of the literature revealed which of the 21 variables are known to communicate uncertainty successfully, which hinder a user's understanding of uncertainty information, and which of the variables require further study in order to understand their influence on the user's ability to understand the visual representation of uncertainty information.
After describing how other disciplines have represented uncertainty, an analysis of 106 visualizations of educational data that can be seen by learners was performed. This revealed the extent to which uncertainty has been represented within educational reporting visualizations. The minimal representation of uncertainty in these visualizations was perhaps surprising given that assessment, data aggregation, the modelling of learner knowledge and abilities, and the visualization of this information all contain some element of uncertainty. The analysis describes how the same set of 21 visual variables is used with respect to the main communication goals of the 106 visualizations of educational data that were evaluated.
Unlike the visualizations of educational data, the visualizations of uncertainty from other domains were rarely used to communicate social cues; the relationship between items; or the activity, mastery, affect, or interests of a user. The uncertainty visualizations from other domains were typically used to communicate the potential changes in a variable that were due to accuracy, precision, lineage, currency, or statistical variance and consistency. The visualizations of educational data often accounted for these types of uncertainty even when they were not represented. The evaluated learning dashboards and open learner models also communicated information that was related to judgment or completeness, which was not typically observed in other domains.
The results of both analyses were combined to identify design opportunities for the inclusion of uncertainty information within the visualizations of educational data that are used for monitoring and reporting purposes. Additional considerations that are based on the current use of visual variables and their previous study in limited contexts are provided alongside these design opportunities. After describing these design opportunities, we illustrated how some might be exploited by applying them to several types or classes of visual representation that are used within existing visualizations of educational data. We further illustrated the design space by applying it to the Next-TELL open learner model. This example and the exploration of the design space demonstrate how uncertainty information could be incorporated into current visualizations and it provides a starting point for further exploration.
When exploring this design space, it is important to keep the learner's numeracy, literacy, previous training, and other abilities in mind since this affects their ability to interpret visualizations. It is also worth remembering that using some visual variables (e.g., hue, value, grain, motion, closure, arrangement, and curvature) for communicating uncertainty information can require additional support or training even though these variables hold the potential to communicate uncertainty effectively.
By exploiting this space, we can provide learners with additional information that can help them with their monitoring or decision-making tasks. Furthermore, the inclusion of uncertainty information in visualizations of educational data may influence the user's trust (either positively or negatively) of the educational report or technology enhanced learning environment. As a result, the inclusion of uncertainty information should be purposeful and its use closely monitored to ensure that it does not negatively affect learners by leading to confusion, distraction, or sub-optimal decision making.
